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ABSTRACT: Large language models (LLMs) are increasingly integrated into recommender systems to support
semantic reasoning, natural language understanding, and user-adaptive personalization. However, their reliance on
static parametric knowledge and fixed representations limits robustness in dynamic environments, particularly under
long-tail and cold-start conditions. Retrieval-augmented architectures have emerged to address these limitations by
grounding LLMs in external, non-parametric knowledge sources. This systematic literature review synthesizes 138
peer-reviewed studies published between 2023 and 2025 in conferences and journals, focusing on retrieval-augmented
and LLM-enhanced recommendation. We analyze these works through a three-dimensional framework covering: (i)
domain application, (ii) semantic feature and representation design, and (iii) algorithmic strategies for retrieval and
personalization. The review shows that current research is concentrated in general recommendation and information
retrieval, that similarity/retrieval, user-item interaction, and textual content signals dominate semantic modeling, and
that LLM and BERT-style encoders form the primary representation backbones, while graph-based, multimodal, and
hybrid approaches remain comparatively underexplored. Algorithmically, most systems adopt generic LLM-centric
modeling with limited use of retrieval optimization, reinforcement learning, or structure-aware strategies, and only
sporadic attention to explicit cold-start, hallucination, and robustness treatment. By mapping co-occurrence patterns
between domains, semantic features, representation choices, and strategy families, this review identifies concrete gaps
and transfer opportunities for future work on retrieval-augmented recommendation and provides a structured reference
for designing more context-aware, explainable, and data-efficient LLM-based recommender systems.

KEYWORDS: Large language models (LLMs); recommender system; retrieval-augmented generation (RAG); semantic
features

1 Introduction

Recent Large language models (LLMs) [1,2] and recommender systems show outstanding performances
across diverse tasks, including Question Answer (QA) tasks [3], information retrieval [4,5] and cold-
start recommendation [6]. In contrast to traditional non-LLM-based recommender systems [7,8], current
approaches increasingly integrate LLMs into the recommendation pipeline to enhance personalization
and dynamic semantic understanding [9-13]. LLMs provide a powerful framework for capturing deep
contextual representations from item descriptions and user behavior [14-16], enabling richer semantic
modelling within modern recommender systems. However, even though there are various approaches

dealing with LLMs-based recommender systems, they rely on parametric memory [17,18] from internal
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knowledge bases, such as LLMs itself or user-item interactions. Therefore, they are susceptible to halluci-
nation [19,20] when their internal knowledge deviates from real-time behavioral data. In the presence of
hallucination, the model generates responses that are factually inaccurate with the underlying evidence. Static
LLM and recommendation architectures cause a “semantic bottleneck” by failing to leverage fine-grained
contextual signals in the personalization LLM prompt [21] and LLMs-based recommender systems [22].
To address these problems, retrieval-augmented LLMs, which incorporate non-parametric knowledge into
LLMs and recommender systems gain broad adoption in recent studies [11,22,23]. In particular, these
models query external knowledge bases—extensive repositories spanning diverse subjects and domains—
to retrieve information relevant to the current input. The retrieved content is then integrated into the
LLMs and recommender systems, allowing them to maintain accuracy and remain aligned up to date
world knowledge [24]. Previous studies propose semantic-alignment that fuse LLMs with search-based
technologies to better capture contextual signals [11,25-27]. They aim to compensate for the limitations of
LLMs and recommender systems in accessing real-time and task-specific information. Retrieval-augmented
generation (RAG), along with semantic retrieval, emerge as two prominent strategies. These methods help
bridge the gap between LLM priors and real-world user intent by retrieving semantic features [11].

Conventional recommendation struggle with data sparsity, cold-start scenarios, and limited semantic
understanding, which restrict their ability to model evolving user intent. Although LLMs-based recom-
menders provide richer reasoning and contextual modeling, they still rely on static parametric memory
and thus suffer from hallucination and misalignment with real-time behavioral signals. These shared
limitations highlight the need for retrieval-augmented architectures that can supply up-to-date, fine-grained
external knowledge to both paradigms depicted in Table 1. This gap motivates the need for a systematic
synthesis that organizes recent advances and clarifies the role of retrieval in building more reliable and
context-aware recommendation models. This paper conducts a systematic literature review (SLR) of LLMs,
recommender systems with a particular focus on retrieval-enhanced architectures. Based on three cate-
gories — domain characteristics, semantic search, and algorithmic strategies—our classification framework is
applied to a curated dataset of 138 recent studies presented at top academic journals and conferences. The
analysis highlights emerging trends in representation learning, semantic feature integration. This taxonomy
enables the identification of existing research gaps and suggests potential directions for advancing future
recommendation and LLMs in terms of RAG.

o A systematic literature review of 138 retrieval-augmented LLMs and recommender system studies
published in top venues from 2023 to 2025 provides a quantitative analysis of current practices in
semantic feature design, representation strategies.

« A classification framework with categories covering domain applications, semantic retrieval, and algo-
rithmic strategies enables consistent cross-domain comparison and supports systematic benchmarking.

«  This analysis not only identifies challenges that remain underexplored cold-start scenarios, but also
outlines future research directions for advancing context-aware recommendation systems.

Table 1: Limitations of conventional vs. LLM-based recommender systems and the role of RAG.

Research Domain Recent Limitations Role of RAG
LLM-based . . _ Grounding external knowledge,
. Hallucination, missing factual evidence i . .
recommendation improving factual consistency
Conventional , , . Semantic retrieval, external signals to
. Cold-start, long-tail, sparse interactions i
recommendation supplement sparse user-item data
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2 Related Review Studies

A growing body of survey work examines LLMs and RAG from different perspectives. However, as
summarized in Table 2, existing reviews remain only partially aligned with the requirements of LLM-
based recommender systems. Most surveys emphasize high-level aspects such as hallucination mitigation,
factual grounding, or generic retrieval architectures, but they rarely analyze the semantic features and user—
item signals that drive personalized recommendation, nor do they systematically connect these signals to
algorithmic strategies and domain-specific challenges. Arslan et al. [1] provide a comprehensive overview
of RAG integrated with LLMs, categorizing more than 50 studies by task and discipline and showing
that current RAG research is concentrated in QA, biomedical, and software-development applications.
Fan et al. [28] and Church et al. [29] offer broader conceptual treatments of RAG as a mechanism for
supplementing LLMs with external knowledge, organizing prior work by architectural pattern, retrieval
strategy, and deployment scenario, and highlighting issues such as retrieval latency, evaluation inconsistency,
and robustness. Zhao et al. [30], Swacha and Gracel [31], and Huang and Huang [32] similarly survey
retrieval-augmented text generation pipelines, with taxonomies over retrieval methods, knowledge inte-
gration strategies, and generation models. Other surveys focus on more specific application settings. Li
et al. [33] review RAG in educational contexts, emphasizing curated knowledge sources and reliability in
feedback and recommendation tasks. Hu and Lu [34] broaden the scope beyond generation by introducing
Retrieval-augmented Understanding (RAU) and a unified view of Retrieval-augmented Language Models
(RALMs), covering both NLG and NLU tasks and discussing interaction patterns between retrievers and
language models.

Table 2: Comparative analysis of recent surveys and our approach.

Classification by Deep  Domain Open Semantic
Survey Year .
Feature Category Details  Challenges  Features
Arslan et al. [1] 2023-2024 v v x v
Fan et al. [28] 2021-2024 x v X ve
Church et al. [29] 2023-2024 x v X v
Zhao et al. [30] 2021-2024 x v v v
Swacha and Gracel [31] 2021-2025 x v X x
Huang and Huang [32]  2020-2024 X X v v
Li et al. [33] 2019-2025 x v X Vv
Hu and Lu [34] 2016-2024 x v v v
Proposed survey 2023-2025 v v v v

Collectively, these surveys establish RAG as a promising paradigm for knowledge-intensive LLM
applications, and they identify important open issues around retrieval quality, scalability, domain adaptation,
and robustness. Nevertheless, Table 2 shows that prior work only partially addresses the dimensions that are
critical for recommendation. Most reviews do not classify systems by deep feature categories or domain-
specific semantic signals, and only a subset explicitly discusses open challenges related to user-item
interactions, long-tail exposure, or adaptive personalization. In particular, none of the existing surveys jointly
analyze (i) the types of semantic features exploited for retrieval and representation, (ii) the recommendation
domains and data characteristics in which these features appear, and (iii) the algorithmic strategies used
to incorporate them into RAG-enhanced recommendation pipelines. In contrast, our survey introduces a
unified taxonomy that integrates domain characteristics, semantic feature representations, and algorithmic
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strategies for RAG-based recommendation. We systematically categorize the semantic features used in
recent LLM-based recommender systems, examine their functional roles across retrieval and generation
stages, and relate them to core recommendation challenges such as cold start, long-tail recommendation,
and dynamic preference modeling. This domain-focused, feature-oriented, and algorithmically structured
perspective complements existing RAG surveys and provides a sharper lens for understanding and advancing
personalized RAG systems.

3 Data Extraction and Integration

During the data extraction phase, we extract and code each included study using a standardized
extraction form aligned with the three analytical categories as shown in Fig. 1 (domain characteristics,
semantic features/representations, and algorithmic strategies). We use a predefined codebook to ensure
consistent assignment of labels across studies, and we record both (i) the extracted variables (e.g., domain
label, semantic feature type, representation family, strategy family, evaluation setting) and (ii) supporting
evidence (e.g., the relevant section/statement in the paper) needed for later verification. Appendix C reports
the extraction template (field names) and the codebook (definitions and decision rules) that operationalize
our framework and make the extraction procedure auditable.

Data Source
Domain Semantic Strategies
characteristic retrieval performance
Domain Algorithmic strategies
(13types) (10types)
v— = l (i) Semantic features l
LLM Recommepdatlon. 49 studles‘ (Stypes) LLM-based: 59 studies
Recommendation system: 29 studies A -Gt N
g H . Retrieval optimization: 22 studies
Information retrieval: 23 studies - q . o P o
" (i) Representations Representation alignment & matching: 11 studies
LLM prompt: 14 studies 2 5 " .
" A o (Stypes) Reinforcement learning & sequential reasoning: 10

Question answering: 6 studies SRS

CELIEEEE studles. SLR Feature Extractionand | RAG-centric hybrid modeling: 7 studies
Closs moda%: Oeisles Classification Framework for | Multi-modal/cross-domain extension: 10 studies
ﬁﬁ;;qllout::?rl\.af:izt:diiu T LLM-based System Cold-start/Personalization : 10 studies

. Robustness, debiasing & safety: 5 studies

PT acy, gecurlty: z SFUd'es Graph & structure-aware modeling: 4 studies
Time series forecasting models: 1 study

Cross-context backdoor attacks: 1 study
Multi-hop reasoning: 1 study

[ Semantic features subclassification ]

| l l l l l l l l

Similarity/ User-item Textual Context/In | | Entity/Iden Fact-response Behavioral Session item meta
Retrieval interaction/User content teraction tifier alignment preference behavior data
behavioral
29 studies 27 studies 25 studies 15 studies 14 studies 10 studies 7 studies 7 studies 4 studies

Figure 1: The figure summarizes the study selection process, core analytical categories, and extracted features across
domains, semantic components, and algorithmic strategies in LLM-based recommender systems and conventional
recommendation.

4 Research Methodology

This study aims to examine the design patterns, semantic structures, and algorithmic innovations that
define retrieval-augmented LLM-based recommender systems. To guide this investigation, we formulate five
research questions aligned with the core classification framework used in the analysis.
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4.1 Research Questions

«  RQL What are the primary application domains investigated in LLM-driven recommender systems that
incorporate semantic retrieval techniques?

«  RQ2. What semantic feature categories are employed in LLM-enhanced recommender systems, and
how are they designed or claimed to address data sparsity, long-tail distributions, and cold-start
scenarios?

«  RQ3. What high-level algorithmic strategy families are employed, and how are these strategies used to
support personalization, robustness, and long-tail recommendation?

« RQ4. How do different semantic feature types co-occur with different representation methods in
retrieval-augmented LLM-based recommendation pipelines?

«  RQ5. How do algorithmic strategy families distribute across the main application domains in retrieval-
augmented LLM-based recommendation research?

4.2 Classification Framework

Our review protocol is structured around a three core classification framework that supports the analysis
of each selected study. This framework ensures that all works are categorized consistently based on key
functional components of LLM-based recommender systems.

1.  Domain characteristic category: This category encompasses application domain-level characteristics
such as long-tailed recommendation, cold-start scenarios, and domain heterogeneity, all of which
directly influence a model’s ability to generalize and adapt to diverse recommendation environ-
ments [35-37].

2. Semantic retrieval category: The semantic retrieval category examines how semantic features, contextual
representations, and specialized retrieval policies are employed to enrich interaction-aware semantics
and consequently elevate recommendation performance [38-40].

3. Strategies performance category: This category incorporates prompting methods, reasoning approaches,
and learning paradigms aimed at enhancing robustness, personalization, and task performance, espe-
cially in long-tail and cold-start environment [6,41,42].

The strategy for data extraction and analysis is explicitly designed to align each identified study with
the three core categories of our framework, allowing for a structured and comparable synthesis across the
literature. The forthcoming section details the review protocol, which is firmly grounded in this classification
scheme and guides the methodological flow of the study.

4.3 Preliminary Protocol Setup

We develop a review protocol informed by systematic literature review (SLR) methodology [43],
incorporating the three principal categories of our analytical framework. This protocol specifies the inclusion
criteria and search procedures, which are described in greater detail in the subsequent subsection.

4.4 Selection and Rejection Criteria

To maintain methodological rigor and ensure topical relevance, we define explicit inclusion and
exclusion criteria that operationalize the scope of this review.
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Inclusion criteria:

We include a study if it satisfies all of the following:

+ Topical relevance (LLM + recommendation + retrieval): The title/abstract/full text indicates that
the study (i) uses a large language model (LLM) or instruction-tuned/foundation language model,
(ii) addresses a recommendation task or a recommender-system component (including conversational
recommendation, sequential recommendation, or recommendation-related reranking/ranking), and
(iii) incorporates retrieval augmentation or semantic retrieval (e.g., retrieval-augmented generation,
dense/sparse retrieval, embedding-based retrieval, knowledge retrieval) as a functional component for
grounding, personalization, ranking, or generation.

«  Publication window: The study is published between 2023 and 2025 (inclusive), consistent with our
goal of synthesizing recent developments in LLM-based retrieval-augmented recommendation.

«  Venuescope (scoping decision): The study appears in one of the predefined peer-reviewed venues listed
in Section 4.5 (seven conferences and six journals). We treat this venue restriction as a scoping decision
for feasibility and focus; it does not imply that relevant work cannot appear in other outlets.

o  Peer-reviewed research article with accessible full text: The study is a peer-reviewed confer-
ence/journal paper for which the full text is available. We include full papers and short papers when
they provide sufficient methodological detail for coding and interpretation.

« Empirical evidence with quantitative outcomes: The study reports an empirical evaluation with
quantitative outcomes relevant to recommendation and/or retrieval-supported recommendation (e.g.,
ranking metrics such as NDCG/RecalllHR@K, retrieval metrics, or quantitative user study/online
evaluation results), sufficient to extract and compare evidence in our taxonomy.

Exclusion criteria:

We exclude a study if any of the following applies:

o  'The work does not involve an LLM (e.g., it only uses non-LLM encoders without an LLM component).
o The work is not related to recommendation (e.g., it focuses solely on generic QA/IR without a
recommendation objective or reccommendation-relevant pipeline component for our taxonomy).
o  The work does not include retrieval augmentation or semantic retrieval as a functional component (e.g.,
purely parametric generation without retrieval or external evidence access).

o  The work is not a peer-reviewed research paper (e.g., editorial, tutorial, keynote, extended abstract
without methods), or the full text is not available.

»  The work does not provide sufficient methodological detail or quantitative outcomes to support coding
under our framework.

4.5 Search Process

To ensure both breadth and rigor within a feasible scope, we conduct a structured search over a
predefined set of high-relevance peer-reviewed venues in NLP, information retrieval, recommender systems,
and machine learning. Specifically, we cover conferences (EMNLP, ACL, NeurIPS, KDD, SIGIR, RecSys,
and WSDM) and journals (ESWA, IPM, UMUAI, TORS, TKDE, and JAIR). We restrict the publication
window to 2023-2025 to capture the most recent developments in retrieval-augmented and LLM-based
recommendation research.

Information sources and access points.

We access each source through its official proceedings/journal portal (e.g., conference proceedings
pages, journal issue listings, and/or venue-specific search interfaces when available). Appendix A reports the
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access point used for each venue, the coverage years, and the last-accessed date recorded during our final
verification pass (Table Al).

Query formulation and keyword filters.

We use a three-block concept formulation that reflects the overlap of (i) LLMs, (ii) recommendation,
and (iii) retrieval augmentation. We instantiate this formulation through concrete keyword terms (e.g., “large
language model”/LLM/GPT/foundation model; recommend*/recommender/conversational recommen-
dation/sequential recommendation; retrieval-augmented generation/RAG/retrieval-augmented/semantic
retrieval/dense retrieval/knowledge retrieval). We adapt query syntax to each venue portal when a search
interface is available; otherwise, we apply the keyword filters during title/abstract screening after compiling
venue-year listings. Appendix A reports the information sources, coverage years, keyword blocks, and
portal-specific adaptation rules used for record identification Tables A2 and A3.

Limits and record management.

We limit consideration to peer-reviewed papers with accessible full text from the selected venues within
2023-2025. We compile all retrieved records into a master spreadsheet/bibliography file, and we check for
duplicates using title and DOI (when available), merging any duplicates into a single record before screening.

Filtering workflow.

Fig. 2 summarizes the screening and eligibility workflow. In total, we retrieve 23,555 records from the
selected venues. We then apply staged screening to identify the final set of 138 included studies:

1. Title screening: We screen titles for topical relevance under the criteria in Section 4.4 and exclude
21,890 records.

2. Abstract screening: We screen abstracts of the remaining 1665 records and exclude 1271 records that do
not meet our eligibility requirements.

3. Full-text eligibility assessment: We assess 394 papers in full text and exclude 99 papers that fail at least
one inclusion criterion.

4. Detailed eligibility verification: We perform detailed eligibility checks on 295 papers and exclude 157
papers due to insufficient methodological detail for coding and/or lack of quantitative outcomes aligned
with our extraction framework.

5. Final inclusion: We include 138 studies in the final synthesis.

4.6 Study Selection Procedure

Two reviewers screen records in two stages: (i) title/abstract screening and (ii) full-text eligibility
assessment. We perform screening independently and resolve disagreements through discussion until
consensus. Because the review team consists of two screeners, we do not use a third adjudicator. During full-
text assessment, we record an explicit exclusion reason code for each excluded paper (Appendix B), enabling
an auditable eligibility trail.

4.7 Data Extraction and Coding Protocol

We operationalize the classification framework in Fig. | through a codebook that defines each label
(domain category, semantic feature type, representation family, and strategy family) and specifies decision
rules for ambiguous cases. We code domain labels and semantic/strategy categories as multi-label when
a study clearly spans multiple categories (e.g., a conversational recommender that also proposes retrieval
optimization). We record supporting evidence for each assigned label (e.g., the method description that
indicates the retrieval component, the representation backbone, or the optimization strategy). Appendix C
provides (i) the extraction form template (field names) and (ii) the full codebook used for labeling.
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Records identified from journals
and conferences
n=23555

Identification

Excluded: not related to RAG, LLMS and
recommender system keywords
n=21890

Records after title keyword
Screening filtering

n=1665 Excluded: abstract not related to
{ retrieval-augmented or recommender
system
n=1271

Records after abstract filtering

Screening n=394

Excluded: not in relevant general study
n=99

Records after general study
Screening filtering
n=295

Excluded: not in relevant detailed study
n=157

Records after detailed study
filtering
n=138

J

Studies included in detailed
study
n=138

Eligibility

Figure 2: PRISMA-style flow diagram of the identification, screening, eligibility assessment, and inclusion process. The
workflow narrows the initial pool of 23,555 records to 138 included studies under the predefined criteria in Section 4.4.

4.8 Quality Appraisal and Risk of Bias Assessment

Methodological transparency constitutes a central requirement for systematic literature review
research. The review protocol follows a structured screening framework inspired by PRISMA principles.
The process includes database identification, structured keyword construction, duplicate removal, title and
abstract screening, followed by full-text eligibility assessment. Explicit inclusion and exclusion criteria guide
the filtering procedure in order to reduce discretionary judgment during study selection.

Selection bias represents a primary methodological concern in emerging research domains. Inclusion
criteria require explicit integration of RAG or LLM components, empirical validation, clear evaluation
reporting, and sufficient methodological description to enable comparative analysis. Exclusion criteria
remove purely conceptual discussions, non-empirical commentaries, inaccessible manuscripts, and studies
lacking evaluative transparency. Such filtering enhances analytical coherence yet introduces potential struc-
tural bias, particularly in fast-evolving areas where workshop papers or preprints contribute substantially to
technical developmemt. Broad keyword combinations alongside multi-database coverage mitigate this risk
by expanding search sensitivity.

Quality appraisal operates through a structured evaluative lens. Each included study receives
examination with respect to empirical grounding, dataset transparency, clarity of metric specification,
reproducibility-related description, and experimental reporting consistency. The framework prioritizes min-
imal methodological adequacy rather than numerical scoring, thereby ensuring baseline research reliability
across the corpus.

Quantitative descriptive synthesis strengthens analytical robustness. Metric frequency distribution,
dataset category prevalence, task alignment patterns, and evaluation concentration effects receive systematic
aggregation across the 138 systems. Such aggregation reveals structural regularities within the evaluation
ecosystem while preserving the exploratory scope of the review.
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5 Results

This section presents the key findings derived from the systematic review of the 138 studies that meet all
inclusion criteria. Each selected work contributes to at least one of the core analytical dimensions—semantic
retrieval mechanisms, domain/data characteristics, and algorithmic strategies for personalization—which
collectively outline the methodological landscape of LLM-driven recommender systems. We organize
the results according to RQI-RQ5 to provide a systematic and analytically grounded understanding
of methodological trends, conceptual developments, and open challenges in RAG-and LLM-enhanced
recommender systems.

5.1 Application Domains

Domain distribution. Domain distribution refers to how the 138 included studies are spread across
application areas that are relevant to LLM-based recommendation and closely related retrieval-augmented
tasks. As shown in Table 3, we distinguish domains such as LLM Recommendation, conventional Recom-
mendation system, Information retrieval, Question answering, Multi-modal and Cross-modal tasks, Cold
start, LLM hallucination, LLM prompt, privacy and security, time series forecasting models, cross-context
backdoor attacks, and Multi-hop reasoning. This taxonomy provides the contextual layer for interpreting
how domain characteristics influence model design and evaluation.

LLM recommendation and conventional recommendation system. We identify 40 studies in the
LLM Recommendation category (for example, [9,44,45], etc.), making it the most prevalent domain. These
works treat LLMs as core components for personalized information access, using them to interpret user
intent [12], encode rich semantic signals, and generate recommendation outputs through natural-language
reasoning and retrieval-guided inference [11]. Compared with conventional collaborative or content-based
recommenders [23,46], these systems reposition language models as both semantic processors and decision-
making engines. The category of Recommendation system domain contains 29 studies. These works focus
on predicting user preferences using collaborative filtering [47], content-based modeling [48], or hybrid
approaches that primarily leverage historical interactions [49], often with fixed representation pipelines such
as matrix factorization [50] or sequential neural models. LLMs may appear as auxiliary components (e.g., for
feature construction or explanation), but the core modeling remains closer to traditional recommendation
paradigms, with an emphasis on scalability, sparsity mitigation, and sequential preference modeling.

Information retrieval and question answering. Information retrieval (IR) accounts for 23 stud-
ies. These works center on retrieving and ranking relevant documents, passages, or entities from large
corpora, frequently serving as the retrieval backbone for RAG architectures. Advances focus on query
representation [24], retrieval effectiveness [51,52], and corpus indexing [53], often in combination with
QA-style evaluation. Question answering (QA) is explicitly targeted in 6 studies. These papers concentrate
on generating accurate, evidence-grounded answers to natural-language queries and are frequently used
as benchmarks for evaluating how well RAG-enhanced systems align retrieved evidence with generated
responses. While QA is not recommendation per se, methods developed in this domain (e.g., dense retrieval
and evidence aggregation) are directly transferable to recommendation scenarios where explanations or
justifications are required.

Prompt-centric and hallucination-focused studies. The LLM prompt domain comprises 14 studies,
where prompt design is treated as a primary control mechanism for steering LLM behaviour in recommen-
dation or retrieval tasks. These works explore how prompt templates, instructions, and few-shot examples
influence personalization, output format, and retrieval-augmented reasoning without additional parameter
tuning [54,55]. LLM hallucination is the focus of 4 studies. They investigate failure modes in which LLMs
produce fluent but incorrect or unverifiable content, and they propose retrieval-augmented or verification
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mechanisms to reduce hallucination. Although most experiments are conducted in QA or open-domain
generation settings, the mitigation strategies are relevant to recommendation scenarios that require factual
grounding (e.g., item attributes, reviews, or external knowledge).

Cold start, multi-modal, and cross-modal domains. Six studies address cold-start recommendation,
where user or item representations are poorly developed due to sparse or non-existent interaction histories.
These works typically emphasize constructing robust initial representations from content, side information,
or synthetic interaction signals generated by LLMs, and they are particularly important for understanding
how RAG can alleviate extreme sparsity [36]. The multi-modal and cross-modal domains together contribute
11 studies. Five papers treat multi-modal recommendation or retrieval, integrating text, images, and
structured attributes into joint representations for richer semantic modeling. Six papers focus on cross-
modal tasks such as aligning text with images or other modalities, emphasizing inter-modal translation and
semantic correspondence. These domains are of particular interest for recommendation contexts where items
are described by heterogeneous content (e.g., products, multimedia) [56,57].

Other specialized domains. The remaining domains appear only in a small number of studies: privacy
and security (2 studies [58,59]), time series forecasting (1 study [60]), Cross-Context Backdoor Attacks (1
study [61]), and multi-hop reasoning (1 study [62]). These works highlight emerging concerns such as secure
retrieval and adversarial vulnerabilities, or extend retrieval-augmented modeling to temporal and graph-
based reasoning tasks, but they are still peripheral in the current RAG-for-recommendation landscape.

The distribution of domains in Table 3 indicates that retrieval-augmented and LLM-based approaches
are predominantly evaluated in classical recommendation and information-retrieval settings, whereas
cross-domain, multi-modal, and security-oriented scenarios receive only limited attention. This pattern is
consistent with a field that is still consolidating basic architectures before moving into more demanding
application contexts. At the same time, the absence of standardized reporting on user-item sparsity, long-tail
behaviour, and domain-specific biases limits our ability to judge how robust these methods would be under
more realistic and heterogeneous deployment conditions.

Table 3: Application domains of the retrieved RAG/LLM studies, with corresponding paper identifiers. Percentages are
relative to the 138 papers for which a domain label is assigned.

Sh f
Number of DO?;:;:)
Domain Paper IDs Papers
(N = 138) Labelled Papers
- (%)
Information retrieval [4,5,24,51-53,63-79] 23 16.8
3,9-13,15-17,20,22,27,37—-
LLM recommendation [ HomY 40 29.0

41,44,45,80-105]
LLM hallucination [19,20,106,107] 4 2.9
[7,8,14,21,23,25,38,46—

Recommendation system 50,91,108-123] 29 21.0
Multi-modal [56,124-127] 5 3.6

Question answering [3,128-132] 6 4.4

Cold start [6,35-37,42,133] 6 4.4

Cross modal [26,57,134-137] 6 44

Privacy security [58,59] 2 L5

Time series forecasting models (TSFM:s) [60] 1 0.7

(Continued)
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Table 3 (continued)

Number of gl;?;zi(:lf
Domain Paper IDs (NPa_ng ) Labelled Papers
} (%)
LLM prompt [18,54,55,138-148] 14 10.1
Cross-Context Backdoor Attacks [61] 1 0.7
Multi-hop reasoning [62] 1 0.7

5.2 Semantic Techniques for Hallucination and Cold-Start Challenges

Semantic features. Semantic features capture high-level signals about users and items that go beyond
raw interaction counts, enabling models to infer intent, contextual relevance, and preference structure under
sparse or noisy conditions. In our corpus, we identify nine feature categories: user-item interaction/user-item
behavioral signals, textual content, similarity/retrieval signals, behavioral preference, context/interaction,
entity/identifier features, fact-response alignment, session behavior, and item metadata. These feature types
are central to how recent systems are designed or claimed to address hallucination, long-tail exposure, and
cold-start limitations, where classical collaborative filtering alone is insufficient [14,108].

Similarity/retrieval features are the most common category, appearing in 29 studies (Table 4). These
features encode relational semantics by measuring proximity between users, items, or textual contexts in lex-
ical or embedding space [53]. Typical implementations rely on vector similarity (e.g., cosine or dot-product)
and dense retrieval signals to identify evidence aligned with user intent [41,51]. By grounding decisions
in retrieval-aware similarity structures, these features strengthen robustness under data sparsity and help
align LLM reasoning with external knowledge, which is particularly important when recommending long-
tail items or operating in cold-start regimes. User-item interaction/user-item behavioral features appear
in 27 studies and capture the traces left by historical engagements such as clicks, views, purchases, and
ratings [14,47]. These signals reflect implicit preference dynamics over time and provide a behavior-grounded
view of user interests that complements content-only semantics [10]. In LLM-based recommenders,
interaction sequences are often used as semantic priors or prompts that guide preference reasoning and
context-aware decision-making [6,17]. Their granularity is especially valuable in sparse environments, where
a small number of interactions must be exploited carefully to model realistic decision trajectories.

Textual content, present in 25 studies, captures the intrinsic semantics encoded in natural-language
item descriptions such as titles, synopses, and reviews [108,117]. Unlike interaction features, which sum-
marize user behaviour, textual content provides content-grounded evidence that is available even in the
absence of rich interaction histories. It also differs from similarity/retrieval features, which focus on relational
proximity rather than inherent linguistic meaning. For RAG-enhanced recommenders, textual content
offers a stable semantic basis that allows LLMs to understand item characteristics and support cold-start
reasoning when behavioural data are limited [141]. Context/interaction features occur in 15 studies and
model situational or session-level signals such as co-occurring actions, conversational turns, or short-term
temporal dependencies [64,128]. These features characterize dynamic behavioural states that evolve during a
user’s engagement with the system [61,121], capturing immediate intent and contextual relevance that cannot
be inferred from item text alone. In LLM-based settings, context/interaction features act as a real-time layer
that complements static semantic content and helps adapt recommendations to recent behaviour.
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Table 4: Semantic feature types used in the 138 retrieved studies, with corresponding paper identifiers.

Number of

Share of All
Semantic Feature Type Paper IDs Papers Papers (%)
(N = 138) pers i
User-item interaction/ [4,6,10,14,15,17,18,23,37,38,40,42,46,47,49, 7 196
User-item behavioral 76,81,82,92,93,98,100-102,104,105,119] ’
[11,12,16,24,26,45,48,59,63,65,71,72,74,78,83,
Textual content 25 18.1
Xt 91,108,111,113,115,117,122,123,141,145]
. . [13,25,41,44,51-53,55-58,66,75,77,79,84,106,
larity/Ret | 29 21.0
Similarity/Retrieva 109,110,114,124,127,130,132,137,138,142,143,148]
Behavioral preference [8,21,35,80,94,97,126] 7 5.1
. [22,36,61,64,70,73,87,88,99,103,118,121,128,
Context/Interaction 15 10.9
131,146]
. . [9,27,54,62,68,96,125,129,134 -
Entity/Identifi 14 10.1
ntity/Identifier 136,139,144,147]
Fact-response alignment [3,5,19,20,39,67,85,95,107,120] 10 71
Session behavior [7,50,60,69,90,112,116] 7 5.1
Item metadata [86,89,133,140] 4 2.9

Entity/identifier features are used in 14 studies and denote discrete symbols that uniquely index
users, items, or domain-specific objects [96,147]. They typically carry no intrinsic semantic meaning, but
serve as stable anchors for associating structured attributes, relational metadata, or historical statistics
with specific entities. In contrast to behavioural signals, identifiers capture object identity rather than user
actions. They are often combined with other feature types to link raw IDs to richer semantic or structural
information [27,129]. Fact-response alignment features appear in 10 studies and measure how faithfully
an LLM’s generated output is grounded in retrieved or provided evidence [3,19]. These features evaluate
whether claims in the response are supported, contradicted, or unverifiable with respect to the underlying
evidence [67,120]. By emphasizing evidence-conditioned truthfulness, fact-response alignment provides a
semantic constraint for diagnosing and mitigating hallucinations in retrieval-augmented generation [20,39].

Behavioral preference features are adopted in 7 studies and aim to capture latent user inclination
inferred from patterns in historical engagement [80,97]. Rather than representing individual events, these
features summarize higher-level tendencies and context-dependent shifts in intent [21,126]. They provide an
additional behavioural layer that can guide personalized reasoning, particularly when explicit feedback is
scarce or noisy [94]. Session behavior features, also present in 7 studies, focus on short-term patterns within
a single interaction episode [7,90]. They encode high-resolution, momentary signals that reveal the user’s
current goal and situational context [60,112], supporting the modeling of intent drift and real-time adaptation
in both traditional and LLM-based recommendation. Session-level features therefore complement long-
term histories and static content features in settings such as conversational or sequential recommendation.
Item metadata features appear in 4 studies and refer to structured, non-textual attributes such as categories
or platform-level descriptors [133,140]. These attributes provide concise, standardized signals about item
functionality that are independent of user behaviour or learned embedding spaces. Item metadata offers a
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stable scaffold for representation learning, assisting cold-start reasoning and hierarchical organization in
LLM-based recommenders [89,140].

As summarized in Table 4, current systems are moving toward hybrid semantic spaces that combine
interaction, content, retrieval, and contextual signals. Recommendation is no longer driven solely by co-
occurrence patterns; instead, semantically rich evidence increasingly supports generalization under sparse,
dynamic, and previously unseen conditions. This shift reinforces the role of semantic feature design as a core
ingredient for long-tail and cold-start reasoning.

Representation methods. Semantic representation methods map heterogeneous raw signals into
structured, machine-interpretable embeddings that support preference modeling, context reasoning,
and cross-domain generalization [11,12,139]. In our corpus, we distinguish nine representation families:
LLM-based encoders, BERT/Sentence-transformer models, classic distributional embeddings, multimodal
representations, graph-based representations, sequential user representations, hybrid content-collaborative
representations, tabular/attribute-based encodings, and structured reasoning representations.

LLM-based encoders are the most common representation family, used in 37 studies. These models
provide high-capacity semantic encoders that map text, metadata, and other structured signals into unified,
context-rich representation spaces [64,99]. In contrast to traditional embedding models, LLMs generate
deeply contextualized representations that can be adapted through prompting or instruction-tuning, making
them attractive backbones for RAG-enhanced recommendation [95,130]. BERT and Sentence-transformer
models form a second major family, appearing in 29 studies. They project textual inputs into dense, context-
aware embedding spaces that support retrieval and ranking [7,120]. Compared with LLM-scale encoders,
these models offer a more efficient balance between semantic richness and computational cost, and they
remain a widely used choice for dense retrieval and similarity-based recommendation. Classic distribu-
tional embeddings appear in 15 studies and encode word semantics based on co-occurrence statistics in
large corpora. Although they lack contextualization, their lightweight structure supports efficient retrieval
and ranking, and they continue to serve as interpretable baselines for assessing newer contextual encoders.

Multimodal representations are used in 12 studies. These models incorporate text, images, and other
modalities into joint embedding spaces, enabling richer item semantics and grounded reasoning over visual
and linguistic cues. They are particularly relevant for recommendation settings where items are described
by heterogeneous content [124,135]. Graph-based representations present in 9 studies, encode entities
and their relational topology using graph neural networks or related techniques (like [61,105], etc.). These
representations capture interaction patterns, neighborhood context, and higher-order structure in user-
item graphs or knowledge graphs, supporting tasks such as relation-aware recommendation and robust
retrieval. Sequential user representations appear in 9 studies. They model the ordered sequence of past
interactions using recurrent, attention-based, or transformer-style architectures, capturing temporal depen-
dencies and intent shifts more explicitly than static embeddings [60,121]. Hybrid content-collaborative
representations are adopted in 10 studies. These models fuse content-derived semantics (e.g., text or
images) with collaborative signals from user-item interactions, aiming to combine the strengths of content-
based and collaborative filtering while mitigating their respective weaknesses, particularly under cold-start
conditions [4,41]. Tabular or attribute-based representations, used in 9 studies, encode entities using
structured fields such as categorical attributes and numerical descriptors (like [63,107], etc.). They provide
explicit, interpretable signals grounded in item and user properties and often serve as complementary
features alongside learned embeddings. Structured reasoning representations are also present in 8 studies.
These approaches encode intermediate logical or symbolic states to support multi-step reasoning, improve
interpretability, and offer controllable interfaces for integrating external knowledge or constraints [98,118].
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Across these representation families, Table 5 indicates a clear tendency to rely on general-purpose
transformer-based encoders, particularly LLMs and BERT-style models, while more specialized or
lightweight representations remain comparatively underexplored. This pattern suggests an opportunity for
future work to more systematically combine LLM-based encoders with task-specific, multimodal, or hybrid
representations, especially in settings that demand fine-grained personalization, efficiency, and robustness
under domain shift.

Table 5: Representation methods used to encode semantic features in the 138 studies, with corresponding paper
identifiers.

Number of
‘ - Share of all
Representation Family Paper IDs Papers Papers (%)
(N = 138) pers 17

[3,9,14-18,20,22,27,39,44,58,64,72,73,81—
LLMs 83,86-90,92,93,95,96,99,100,102,103,110,130, 37 26.8
133,138,145]

(5,7,12,19,21,36,37,52-54,66,67,74~

BERT/Sentence-transformer g o) ¢4 04,97,104,120,123,129,139-141,148] 29 210
Classic distributional [24-26,47,48,51,70,91,108,114,115,119, 15 10.9
embeddings 122,132,134]
Multimodal representations [56,57,79,111,124-127,131,135-137] 12 8.7
Graph-based representations [10,13,40,55,61,62,68,105,113] 9 6.5
Sequential user representations [6,42,50,60,69,71,109,121,128] 9 6.5
Hybrid content-collaborative [4,11,23,41,45,49,65,101,106,116] 10 73
representations
Tabular/Attribute [8,35,46,59,63,85,107,112,117] 9 6.5
Structured reasoning [38,98,118,142-144,146,147] 8 5.8

representations

5.3 Strategies Performance for Personalization and Robustness

Algorithmic strategies. Algorithmic strategies refer to the modeling approaches that guide, adapt, or
optimize recommendation and retrieval in LLM-based systems. In our taxonomy, we distinguish nine major
families: (i) LLMs-based strategies, (ii) retrieval optimization, (iii) representation alignment and matching,
(iv) graph-and structure-aware modeling, (v) RAG-centric hybrid modeling, (vi) reinforcement learning and
sequential reasoning, (vii) robustness, debiasing and safety, (viii) multi-modal and cross-domain extension,
and (ix) cold-start/personalization strategies. Together, these families represent the core computational
mechanisms through which recent work seeks to personalize recommendations, ground outputs in external
evidence, and improve robustness.

Across the 138 studies, LLMs-based strategies constitute the most common family (Table 6). These
approaches rely on pretrained LLMs as primary decision-makers, often with minimal architectural modifi-
cation (for instance [14,27], etc.). LLMs are used for tasks such as preference elicitation, candidate filtering,
policy planning, or multi-step reasoning, typically via prompting, in-context learning, or chain-of-thought
style decision chains [73,146]. This dominance reflects the field’s early emphasis on validating the utility
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of general-purpose LLMs before introducing more specialized model components. Retrieval optimization
strategies focus on improving the quality, relevance, and efficiency of retrieved evidence by refining scoring
functions, selection criteria, and retrieval policies [71,142]. Methods in this family incorporate mechanisms
such as semantic filtering, uncertainty-aware sampling, or adaptive retrieval thresholds to better align
retrieved contexts with user intent and task constraints [75,129,138]. Retrieval optimization directly affects
downstream reasoning and recommendation performance in RAG pipelines and appears in 22 studies.
Multi-modal and cross-domain extension strategies enrich LLM-based recommenders by either integrat-
ing additional modalities or transferring knowledge across domains. Multi-modal and cross-modal methods
unify textual, visual, and structural signals to strengthen personalization in scenarios where non-textual
evidence helps disambiguate user intent (for example, [126,127], etc.). Cross-domain approaches, by contrast,
aim to reuse preferences, latent structures, or behavioral patterns across heterogeneous recommendation
settings, thereby reducing dependence on dense domain-specific data and improving robustness in cold-start
and long-tail conditions. In total, these strategies appear in 10 studies.

Table 6: High-level algorithmic strategy families adopted in the 138 RAG/LLM-based systems, with corresponding
paper identifiers.

Number of

Share of All
Strategy Family Paper IDs Papers Papers (%)
(N=138)  persth
) o [24,25,50,52,55,56,60,63,65,68,70-72,
Ret 1 opt t 22 15.9
etrieval optimization 75,77,78,94,107,128,129,138,142]
R tation ali t
epresentation alignment & [26,47,51,53,66,108-110,124,134,135] 11 8.0
matching
Graph & structure-aware [57,61,105,113] 4 2.9

modeling

[3,5-7,9-14,16-18,20-22,27,39-41,44,45,
LLMs-based 59,64,73,74,76,80-83,85-89,93,95- 59 40.6
104,122,123,130,132,133,140,141,144-148]

RAG-centric hybrid modeling [15,19,23,38,67,96,139] 7 6.5

Reinforcement learning &

. . [8,35,36,46,62,69,90,92,106,121] 10 8.7
sequential reasoning
Robustness, debiasing & safety [54,58,84,118,120] 5 3.6
Multi-modal & -d i
wirmodat & cross-comati [42,48,79,111,125-127,131,136,137] 10 73
extension
Cold-start/Personalization [37,49,91,112,114-117,119,143] 10 6.5

Reinforcement learning (RL) strategies treat recommendation and retrieval as sequential decision-
making problems. Rather than relying solely on static heuristics or supervised labels, RL-based methods
learn policies that maximize long-term user utility by adaptively updating actions such as retrieval selection,
ranking refinement, or prompt routing based on reward signals [69,90,121]. These strategies are particularly
relevant in interactive or evolving environments where user feedback is incremental and delayed [35,92]. A
subset of works combines RL with explicit sequential reasoning, constructing multi-step inference chains
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that refine predictions based on intermediate results [46,92]. Together, RL and sequential reasoning appear
in a relatively small but growing group of studies. Graph-and structure-aware modeling strategies exploit
the relational topology of user-item interactions, knowledge graphs, or hierarchical content structures [113].
These methods use graph neural networks or relational reasoning modules to leverage node connectivity,
neighborhood aggregation, and higher-order structural dependencies [57,105]. Such strategies are particu-
larly useful for capturing complex preference patterns, propagating signals across sparse interaction graphs,
and enhancing robustness to missing data. In our corpus, they remain comparatively less frequent but
indicate an emerging interest in structure-aware RAG for recommendation. Representation alignment
and matching strategies aim to reconcile heterogeneous embedding spaces—such as user, item, textual,
and retrieved evidence representations—into a shared, semantically coherent latent space [110]. Typical
techniques include contrastive learning, metric learning, projection heads, and cross-modal matching
functions [66,135]. By explicitly modeling cross-space correspondence, these methods help bridge gaps
between behaviour-driven and content-driven features, and support more accurate matching in retrieval and
recommendation. This family appears in a moderate number of studies (such as [26,66], etc.).

RAG-centric hybrid modeling integrates retrieval-augmented generation with traditional recom-
mendation architectures. In these systems, retrieved evidence and generative reasoning jointly influence
ranking decisions or item selection [139]. Such designs allow LLMs to ground their reasoning in external
knowledge while retaining domain-specific inductive biases encoded in classical recommenders, aiming
to improve robustness, interpretability, and long-tail performance [15,19]. This family includes works
that couple LLMs with collaborative filtering, graph-based models, or session-based recommenders (for
example, [38,96], etc.). Finally, robustness-focused and cold-start/personalization strategies target specific
challenges. Robustness, debiasing, and safety methods investigate issues such as adversarial attacks, exposure
bias, or hallucination under noisy retrieval (like [84,120], etc.). Cold-start and personalization strategies
explicitly address sparse or non-existent interaction histories, using semantic features, data augmentation, or
synthetic interactions to bootstrap user and item representations (for example, [91,143], etc.). Although these
families are smaller in absolute size, they are directly relevant for real-world deployment of RAG-enhanced
recommenders, where safety and data sparsity are practical constraints. Table 6 shows that most current
systems rely on relatively generic LLM-based strategies, with more specialized approaches—such as retrieval
optimization, reinforcement learning, structure-aware modeling, and explicit robustness mechanisms—
still emerging. Few studies provide systematic comparisons of these strategies under long-tail or cold-start
conditions, leaving open questions about which mechanisms most effectively improve generalization in
sparse, dynamic environments. Addressing this gap through controlled evaluations and combined strategy
design remains an important direction for future work.

5.4 Feature-Representation Co-Occurrence

To address RQ4, cross-tabulates semantic feature types with the primary representation families
adopted in the 138 studies. The matrix highlights how different signals are actually encoded in practice,
moving beyond the one-dimensional counts reported in Tables 4 and 5. User—item interaction and user-item
behavioral features are most frequently paired with LLM-based encoders (10 papers) and hybrid content—
collaborative representations (4 papers), with additional use of graph-based and classic embeddings. This
pattern suggests that fine-grained behavioural traces are often treated as high-value signals that warrant
either powerful contextual encoders or structure-aware models, rather than being handled by lightweight
representations alone. Textual content is distributed more evenly across representation families, with
notable counts for BERT/Sentence-transformer (6 papers), classic distributional embeddings (6), and hybrid
representations (5), alongside LLM-based encoders (4). This spread reflects the coexistence of several design
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choices: some systems rely on general-purpose LLM encoders for content, while others retain more efficient
BERT-style or classic embeddings for text, especially when retrieval efficiency is a concern.

Similarity/retrieval features show a distinct profile. They are strongly associated with BERT/Sentence-
transformer encoders (7 papers) and multimodal representations (6), but also appear with LLMs, classic
embeddings, and graph-based models. This confirms that dense retrieval pipelines remain a primary use
case for BERT-style encoders, while multimodal retrieval architectures leverage cross-modal similarity
signals to bridge text and non-text content. Context/interaction features and entity/identifier features are
each realized through a diverse set of representations, with non-trivial counts across LLMs, BERT/ST,
graph-based, and structured reasoning encoders. This diversity indicates that there is not yet a dominant
design pattern for encoding situational and identity-level signals; instead, these features are integrated
opportunistically depending on the surrounding architecture. In contrast, several feature types exhibit
more focused representation choices. Behavioral preference is almost exclusively encoded with BERT/ST (4
papers) and, to a lesser extent, multimodal and tabular representations, suggesting that compact, contrastive-
style encoders are often deemed sufficient for summarizing higher-level preference tendencies. Session
behavior is strongly tied to sequential user representations (4 papers), which is consistent with its role in
modeling short-term, temporally ordered interactions. Fact-response alignment features rely mainly on
BERT/ST and LLM-based encoders, with some use of tabular and structured reasoning representations,
reflecting their emphasis on evidence-conditioned text understanding. Item metadata, although less frequent
overall, tends to be combined with LLM-based and hybrid representations, where it complements richer
semantic embeddings.

The patterns in Table 7 indicate that interaction-and session-level signals are rarely encoded with simple,
static embeddings and instead gravitate toward LLM-, sequential-, or graph-based models, whereas textual
and similarity features are distributed across both heavyweight and lightweight encoders. This asymmetry
suggests that behavioural and contextual information are treated as harder modelling targets that benefit
from more expressive or structure-aware representations, while content and similarity signals are often
delegated to established text-embedding pipelines. From a design perspective, it would be valuable for future
RAG-based recommenders to explore more deliberate pairings between semantic features and represen-
tations, particularly underexplored combinations such as session behaviour with multimodal encoders or
fact-response alignment with graph-based models.

Table 7: Co-occurrence of semantic feature types and representation families. Each cell reports the number of
papers using that feature type together with that primary representation (multi-label over rows). LLMs = LLM-based
encoders; BERT/ST = BERT or Sentence-transformer; Classic = classic distributional embeddings; Multi = mul-
timodal representations; SeqUser = sequential user representations; Hybrid = hybrid content-collaborative;
Tabular = tabular/attribute-based; Struct = structured reasoning representations.

Semantic Feature LLMs BERT/ST Classic Multi Graph SeqUser Hybrid Tabular Struct

User-item interaction 10 2 3 0 3 2 4 1 2
Textual content 4 6 5 1 1 1 5 3 0
Similarity/Retrieval 5 7 4 6 2 1 2 0 2
Behavioral preference 0 4 0 1 0 0 0 2 0
Context/Interaction 5 2 1 1 1 2 0 0 2
Entity/Identifier 3 3 1 1 2 0 0 2 0
Fact-response alignment 3 4 0 0 0 0 0 2 1
Session behavior 0 1 0 0 0 4 1 1 0
Item metadata 2 1 0 0 0 0 1 0 0
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5.5 Domain-Strategy Co-Occurrence (RQ5)

RQ5 examines how algorithmic strategies distribute across application domains. Table 8 summarizes
the co-occurrence of domains and strategy families, revealing clear specialization patterns rather than
a uniform use of techniques. In the LLM Recommendation domain, the dominant strategy is LLMs-
based modeling: 27 papers treat a pretrained LLM as the main decision-making component, often with
limited architectural modification. Only a small number of works in this domain adopt RAG-centric
hybrid models (4 papers) or reinforcement learning and sequential reasoning (3 papers), and there is
almost no use of representation alignment or structure-aware strategies. This concentration suggests that
most LLM-focused recommendation work is still exploring relatively generic LLM-centric designs before
systematically incorporating more specialized mechanisms. The Recommendation system domain shows a
more heterogeneous strategy mix. Alongside LLMs-based modeling, this domain accounts for the majority
of cold-start/personalization strategies (8 papers), as well as non-trivial use of representation alignment (4
papers), retrieval optimization (2), and graph-and structure-aware modeling (1). These systems often extend
or retrofit classical recommenders with RAG components or LLM-based modules, reflecting a stronger
emphasis on addressing data sparsity and personalization challenges in established RS settings.

Table 8: Co-occurrence of domains and strategy families. Each cell reports the number of papers in that domain
using the corresponding strategy family. LLMs-based = LLM-centric modeling; RetrOpt = retrieval optimiza-
tion; RL/Seq = reinforcement learning and sequential reasoning; Align = representation alignment and matching;
RAG-hybrid = RAG-centric hybrid modeling; MM/CD = multi-modal and cross-domain extension; ColdStart = cold-
start/personalization; Robust = robustness, debiasing and safety; GraphStr = graph-and structure-aware modeling.

RL/ RAG- MM/

Domain LLMs RetrOpt Seq Align hybrid CD

ColdStart Robust GraphStr

N

LLM recommendation 27 1
Recommendation system 4
Information retrieval 6
LLM prompt 8
Question answering 3
Cold start 2

Cross modal 0
0

1

2

1

0

1

=N

Multi-modal
LLM hallucination
Other/unspecified
Privacy security
TSFMs
Cross-context backdoor

O O O O = = O = N W

SO O O O O OO WO O kW
O O O O O O WO O NN WK O
O O OO OO O O OO =D
O O O O O NN O - = =N O
S —H O O O OO WO O O o
O O - O O O O O O = O N -
O O O O OO = OO OO - -

Information retrieval papers, by contrast, are heavily skewed towards retrieval optimization: 11 IR studies
fall into this strategy family, and several others employ alignment and matching techniques (3 papers)
or LLMs-based modeling (6). This confirms that IR remains the primary testbed for improving retrieval
quality and ranking policies, and that many retrieval-oriented innovations have not yet been fully transferred
to recommendation-specific domains. Other domains concentrate different subsets of strategies. LLM
prompt work combines LLMs-based modeling with retrieval optimization and robustness considerations,
but rarely explores RL or structural modeling. Multi-modal and cross-modal domains emphasize multi-
modal/cross-domain extension and alignment strategies, consistent with their focus on fusing or translating
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between modalities. Cold-start papers combine LLMs-based, RL/seq, and RAG-hybrid strategies but remain
few in number, highlighting that explicit cold-start treatment in RAG-based recommender systems is
still relatively rare. Security-and robustness-oriented domains (Privacy security, Cross-Context Backdoor
Attacks) naturally align with robustness and LLMs-based strategies but contribute only a handful of
studies. Looking across Table 8, specialized strategies such as retrieval optimization, RL/sequence decision-
making, structure-aware modelling, and explicit robustness mechanisms are unevenly explored across
domains. Retrieval optimization is concentrated in information retrieval, cold-start strategies in classical
recommendation, and multimodal/cross-domain extensions in cross-modal and multi-modal settings, while
LLM Recommendation remains dominated by generic LLM-centric modelling. This uneven coverage
points to substantial room for cross-fertilisation—for example, importing IR-style retrieval optimisation
into LLM Recommendation, applying graph-and structure-aware strategies more broadly, or systematically
evaluating robustness mechanisms in mainstream RS domains. These gaps provide concrete opportunities
for future work to test and refine RAG strategies under the domain-specific constraints that matter most
for recommendation.

5.6 Datasets Based on Task

The datasets adopted in the 138 surveyed RAG/LLM-based systems can be broadly categorized accord-
ing to task orientation. Retrieval and ranking-oriented benchmarks [66,71,72] are most frequently employed
to evaluate document relevance and retrieval quality. Recommendation datasets such as MovieLens, Amazon
Reviews, and Yelp dominate in systems integrating LLMs with collaborative filtering or ranking objectives.

Conversational and dialogue-based datasets [5,130] are used in conversational recommender systems
and persuasive dialogue settings. Knowledge-intensive and reasoning benchmarks [58,107,145] including
HotpotQA, StrategyQA, are commonly adopted for evaluating hallucination mitigation and multi-hop
reasoning performance. In addition, several studies utilize domain-specific or synthetic datasets [56,143] to
assess application-driven systems.

5.7 Metrics Based on Task

As shown in Table 9, discounted ranking metrics (e.g., NDCG@k) [11,12,130] constitute the largest
proportion of evaluation strategies, accounting for 30 studies. Discounted ranking metrics evaluate retrieval
performance by incorporating the positional importance of relevant items within a ranked list. Higher-
ranked items are assigned greater weight, reflecting the practical assumption that users are more likely to
interact with early results. These metrics are therefore position-sensitive and widely adopted in recommenda-
tion and information retrieval benchmarks. Representative measures include DCG (Discounted Cumulative
Gain), which accumulates graded relevance scores discounted by rank position, and NDCG@K (Normalized
DCG@K), which normalizes DCG by the ideal ranking to enable cross-query comparability. Variants such
as nDCG@5, nDCG@10, nDCG@20, nDCG@50, and nDCG@100 specify evaluation cutoffs. These metrics
reflect ranking quality by accounting for both relevance and position, aligning evaluation with practical
search and recommendation settings. In contrast to position-aware measures, Hit-based metrics [16,22]
assess retrieval performance under a binary relevance assumption, examining only whether at least one
ground-truth item appears within the top-K ranked results. These metrics ignore positional differences inside
the cutoff and focus exclusively on the existence of a correct item in the returned list. Representative forms
include HR@K (Hit Rate@K), also denoted as Hit@K or HitRatio@K, which measure the proportion of
queries for which at least one relevant item is contained in the top-K results. Fixed-cutoff variants such
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as Hits@1, Hits@3, and Hits@10 correspond to specific values of K. HitRatio@1 evaluates whether the top-
ranked item is relevant. These metrics provide a coarse yet intuitive indicator of top-K retrieval success by
verifying the presence of a correct answer within the retrieved set.

Table 9: Evaluation metric families adopted in the 138 RAG/LLM-based systems, with corresponding paper identifiers.

Number of

Sh f All
Metric Family Paper IDs Papers Paareer(s) (%)
(N = 138) pers i
. . [7,16,37,40-42,65,81,89-91,94,98,113,
Hit- 1 12.
it-based metrics 129,137] 7 3
6,23,44,45,49,53,59,82,87,99,105,111,123,132,
Recall-based metrics 6 3 , D 17 12.3
140,144,147]
[10-12,14,15,20,21,25,27,38,39,63,75,80,83,
Discounted ranking metrics 84,92,95,96,101,102,108,110,112,119,121,122, 30 21.7
126,127,133]
Average precision [26,57,66,70,79,125,128,134-137] 1 8.0
Mean reciprocal rank [24,48,62,69,71,72,74,103,107,116,141] 1 8.0
Rating prediction/Regression [13,18,46,55,60,86,114,115] 8 5.8
. . . [3,19,23,35,47,50,51,54,61,64,67,85,117,120,124,
Classification metrics 131,139,143,149] 19 13.8
QA/Structured task metrics [4,9,68,77,106,130,138,142,145,146] 10 7.2
Text generation metrics [5,58,73,100,145] 5 3.6
Diversity/Novelty (8,109] 2 1.4
Fairness/Bias/Causal [36,118] 2 1.4
Efficiency/System metrics [56] 1 0.7
Correlation/Agreement [76,93] 2 1.4
Domain specific mertic [17,52,88] 3 2.2

Recall-based metrics [6,45,147] quantify the extent to which a system retrieves the complete set of
ground-truth items within a predefined cutoff. Typical forms include Recall@K, also written as R@K, which
calculates the fraction of true target items appearing within the top-K results. Cutoff-specific variants such
as Recall@1, Recall@5, Recall@10, Recall@20, Recall@50, and Recall@100 specify different evaluation depths.
Recall@sum aggregates recall values across multiple positions or sessions. Variants such as Low-degree
Recall focus on items with limited interaction frequency, while Sparse Recall evaluates performance under
data sparsity conditions. These measures emphasize retrieval completeness by assessing how thoroughly the
candidate list captures the ground-truth item set within the examined range. Average precision-based met-
rics [66,134] evaluate ranking quality by examining precision values at successive positions where relevant
items occur. Instead of focusing solely on top-K inclusion or cumulative gain, these measures summarize the
trade-off between precision and recall across the ranked list, rewarding systems that retrieve relevant items
early and consistently. Core measures include AP (Average Precision), which computes the mean of precision
scores at each rank containing a relevant item. MAP (Mean Average Precision) or mAP represents the
average AP across all queries, enabling system-level comparison. MAP@K restricts the computation to the
top-K results. This family captures ranking effectiveness by aggregating precision behavior across positions,
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emphasizing early accurate retrieval while reflecting overall precision-recall balance. Closely related yet more
position-focused, Mean Reciprocal Rank (MRR)-based metrics [24,48,62] measure ranking performance
by focusing on the position of the first correct item in the returned list. The reciprocal of the rank at which
the earliest relevant item appears is computed for each query, thereby assigning substantially higher scores to
systems that place a correct result near the top. Sensitivity is therefore concentrated on the earliest successful
match rather than on overall coverage or cumulative gain. Representative variants include MRR, as well
as cutoff-restricted forms such as MRR@5, MRR@10, MRR@20, and MRR@40, which limit evaluation to
a predefined ranking depth. Extensions such as Low-degree MRR examine performance on infrequent or
long-tail items, while Sparse MRR evaluates robustness under sparse interaction settings. A total of 11 studies
are categorized under this metric family. Shifting from ranking to score estimation, Rating prediction and
regression metrics [13,60,114] assess the accuracy of continuous score estimation or probabilistic outcome
prediction. Error-based measures include MSE (Mean Squared Error), which computes the average squared
difference between predicted and true values; RMSE (Root Mean Squared Error), defined as the square
root of MSE for scale interpretability; and MAE (Mean Absolute Error), which averages absolute deviations.
LogLoss evaluates probabilistic predictions by penalizing confident but incorrect classifications. Ranking-
oriented probabilistic indicators include AUC (Area Under the ROC Curve). Eight studies fall under this
metric category. Classification metrics quantify predictive correctness in discrete label assignment tasks.
Evaluation focuses on agreement between predicted categories and ground-truth labels, either through
overall correctness, class-specific discrimination, or harmonic aggregation of precision and sensitivity.
Accuracy measures the proportion of correctly predicted instances among all samples. Precision reflects
the fraction of predicted positives that are truly positive, whereas Recall captures the proportion of actual
positives successfully identified. F1-score represents the harmonic mean of precision and recall, balancing
false positives and false negatives. Micro-F1 aggregates contributions across all instances prior to computing
the F1 value, favoring frequent classes, while Macro-F1 averages class-wise F1 scores to treat each category
equally. KF1 extends Fl-based evaluation to knowledge-aware or task-specific settings. Pairs-F1 evaluates
pairwise prediction consistency. This category includes 19 studies. QA and structured task metrics [106,138]
evalute output correctness by requiring exact correspondence between predicted responses and ground-
truth answers or executable results. Evaluation emphasizes strict matching rather than partial overlap or
graded similarity. Exact Match (EM) measures the proportion of predictions that precisely match the
reference answer at the token or string level, commonly applied in extractive question answering. Execution
Accuracy (EX) evaluates structured outputs such as logical forms, SQL queries, or programs by verifying
whether execution yields the correct result. This metric family captures deterministic correctness in answer
generation and structured reasoning tasks. Text generation metrics [5,58] evaluate the quality of generated
text by measuring overlap between model outputs and reference sentences. Emphasis is placed on n-gram
matching to approximate fluency and content fidelity. BLEU (Bilingual Evaluation Understudy) computes
the geometric mean of modified n-gram precision scores with a brevity penalty. BLEU-1 considers unigram
overlap, while BLEU-2 extends evaluation to bigram consistency. This category includes 5 studies.

Diversity and novelty metrics assess the breadth and exploratory characteristics of recommendation
outputs beyond accuracy-oriented evaluation. Attention is directed toward distributional balance, exposure
of underrepresented items, and variation within or across recommendation lists. This category includes
2 studies. Fairness and bias metrics evaluate whether model outputs reflect equitable treatment across
groups and whether observed effects remain robust under confounding factors. Emphasis is placed on
counterfactual reasoning and distributional correction rather than pure predictive accuracy. Policy value
estimates the expected utility of a learned decision policy under logged or simulated interaction data, often
grounded in off-policy evaluation. Bias analysis (IPW adjustment) applies inverse propensity weighting to
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correct exposure or selection bias, enabling unbiased performance estimation under observational data. This
category includes 2 studies.

Efficiency and system metrics quantify computational cost and operational performance during model
deployment or inference. Attention is directed toward responsiveness, resource consumption, and scalability
under practical workloads. Latency, Query Time, Processing Time, and Running Throughput reflects the
number of requests processed per unit time. GPU utilization captures hardware resource usage during
execution. Speedup ratio compares performance gains relative to a baseline system. Memory usage assesses
runtime memory consumption. API cost and Evaluation cost estimate monetary or computational expendi-
ture associated with model operation. This category includes 1 study. Correlation and agreement metrics
evaluate statistical consistency between predicted outcomes and reference signals, or between multiple
evaluators or ranking outputs. Emphasis is placed on relational alignment rather than absolute accuracy.
Pearson correlation measures linear association between continuous variables. Spearman correlation assesses
monotonic rank-order relationships. Ranking consistency evaluates the stability or concordance of item
ordering across models or conditions. This category includes 2 studies.

Domain-specific metrics capture evaluation criteria tailored to the unique objectives and constraints
of a particular application domain. Unlike generic accuracy or ranking measures, these metrics oper-
ationalize task-specific goals, embedding domain knowledge directly into the evaluation protocol. For
instance, study [88] specialize indicators such as ingredient-level sustainability scores and recipe-level
sustainability functions are introduced to quantify environmental impact beyond conventional relevance
metrics. Similarly, in reinforcement learning-based recommender systems, long-term return and policy
value serve as domain-aligned objectives that reflect cumulative user engagement rather than immediate
accuracy [17]. In retrieval-augmented generation settings, cost-aware objectives such as compression ratio-
constrained likelihood optimization formalize efficiency-quality trade-offs specific to RAG pipelines [52].
Such metrics are defined by the structural properties, optimization targets, and practical constraints of the
target system, ensuring that evaluation remains aligned with real-world deployment goals rather than generic
benchmark performance.

6 Discussion

This section synthesizes the main findings of our systematic review and reflects on their implications for
retrieval-augmented, LLM-based recommender systems. We structure the discussion around three themes
that cut across RQ1-RQ5: (i) concentration of research in a few domains and strategy families, (ii) emerging
but uneven use of semantic features and representations, and (iii) methodological gaps in evaluation and
comparative analysis.

The domain-level analysis (RQ1) shows that most studies operate in familiar settings such as general
recommendation and information retrieval, with LLM Recommendation and conventional Recommenda-
tion system accounting for the majority of the corpus, and Information retrieval contributing a substantial
supporting role. More specialized domains—cold-start recommendation, multi-modal and cross-modal
tasks, hallucination mitigation, security, and time-series modeling—appear only in small numbers. The
domain-strategy matrix (RQ5) further reveals that algorithmic strategies are unevenly distributed: LLMs-
based modeling dominates in LLM Recommendation, retrieval optimization is concentrated in IR, cold-start
strategies appear mostly in classical recommendation, and multi-modal/cross-domain extensions cluster
in cross-modal applications. These patterns suggest that current work prioritizes validating LLM-based
techniques where data and benchmarks are abundant, while exploration of more complex or risk-sensitive
domains is still limited. From the perspective of semantic techniques (RQ2) and feature-representation
co-occurrence (RQ4), the review points to a hybrid but imbalanced semantic landscape. Interaction and
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behavioral signals, textual content, similarity/retrieval features, contextual cues, and item metadata are all
used, yet their prevalence and representation choices differ markedly. Interaction and session-level signals
are typically paired with expressive encoders—LLMs, sequential models, or graph-based representations—
reflecting their importance for fine-grained personalization under sparsity. Textual and similarity features are
spread across both heavyweight (LLM, BERT/Sentence-transformer) and lightweight (classic embeddings,
tabular encodings) pipelines, consistent with longstanding retrieval practice. At the same time, several
combinations remain underexplored: few systems systematically investigate how alternative representations
affect the usefulness of specific semantic signals, and lightweight or domain-specialized encoders play a
relatively minor role compared with monolithic LLM backbones. This imbalance indicates that feature and
representation design is still guided more by convenience and available models than by principled co-design
for recommendation.

The algorithmic strategies reviewed in RQ3 also show a strong skew toward generic LLM-centric
designs. Most systems rely on pretrained LLMs for preference elicitation, reasoning, or candidate refinement,
often with minimal architectural changes. Retrieval optimization, RAG-centric hybrid modeling, rein-
forcement learning and sequential decision-making, graph-and structure-aware modeling, representation
alignment, multi-modal/cross-domain extensions, and explicit robustness mechanisms appear, but each in a
smaller subset of studies. When combined with the domain-strategy analysis (RQ5), this suggests that many
promising ideas remain siloed: retrieval optimization and alignment techniques mature in IR; graph-based
models and cold-start strategies develop largely within classical recommendation; and robustness-oriented
methods cluster around security or hallucination-focused work. Systematic transfer of these strategies into
LLM-based recommendation remains limited. Several methodological gaps cut across all five research
questions. First, only a minority of studies provide detailed documentation of dataset properties such as
user-item sparsity, long-tail distributions, and domain-specific biases, which makes it difficult to judge how
well the reported methods would generalize beyond the chosen benchmarks. Second, evaluation protocols
are often heterogeneous: works differ in their choice of metrics, baselines, and experimental settings, and
few papers explicitly evaluate performance on tail subsets, cold-start conditions, or out-of-domain scenarios.
Third, very few studies compare multiple algorithmic strategies or feature-representation combinations
under controlled conditions. As a result, the field currently lacks robust evidence about which design choices
are most effective for long-tail recommendation, hallucination mitigation, or dynamic user alignment.

These observations highlight both progress and open opportunities. On the positive side, there is clear
movement toward semantically grounded recommendation: systems increasingly integrate rich behavioural,
textual, and contextual features with retrieval-augmented LLMs, and early work on hybrid, structure-aware,
and robustness-oriented strategies provides a foundation for more sophisticated pipelines. At the same
time, the concentration of research in a small number of domains, the reliance on generic LLM-centric
representations, and the scarcity of systematic evaluations under sparse or shifting conditions indicate that
the design space is far from exhausted. Future work on RAG-based recommender systems would benefit from
(i) more deliberate co-design of semantic features and representations, (ii) broader deployment of retrieval
optimization, structure-aware modeling, and robustness mechanisms in mainstream recommendation
settings, and (iii) standardized, transparency-oriented evaluation protocols that make long-tail, cold-start,
and domain-shift performance first-class evaluation targets. This review intentionally focuses on venues from
2023 to 2025 due to the exceptionally rapid evolution of retrieval-augmented LLM research. The architectural
and semantic design space of RAG-based recommender systems has undergone substantial transformation
within a short time frame. By restricting the scope to recent high-impact publications, we aim to capture
the most current methodological advances and emerging design patterns. While this may exclude certain
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earlier foundational or industrial reports, the decision reflects the field’s fast-paced progression rather than
an oversight of prior work.

6.1 2025 Industrial Implications RAG-Based Recommender Systems

The RAG-IoE framework [150] proposes a retrieval-augmented generation architecture tailored for
industry 5.0 environments within the internet of everything paradigm. The approach addresses limitations
of conventional RAG pipelines in industrial contexts where heterogeneous enterprise data, contextual
constraints, access control requirements, operational safety considerations coexist. A central design principle
concerns context derivation from dynamic activity states rather than static user queries. Task descriptions,
operational conditions, spatial positioning serve as implicit query sources. Retrieval objectives thus shift
from general relevance toward situational compatibility. This design reduces irrelevant candidate exposure
while preserving semantic flexibility. Deployment considerations emphasize hybrid infrastructure. Struc-
tured enterprise knowledge remains centrally maintained. Generative inference may operate in distributed
or edge environments to mitigate latency, privacy exposure, infrastructure dependency. Such configuration
supports scalability under industrial data governance constraints. Evaluation combines structured filtering
accuracy with semantic retrieval effectiveness, contextual relevance assessment, expert validation proce-
dures. Performance analysis demonstrates feasibility of hybrid symbolic-semantic retrieval under realistic
industrial workflows. The RAG-IoE architecture reframes retrieval-augmented generation as a knowledge
orchestration mechanism for controlled decision support in enterprise systems. Emphasis is placed on
governance-aware filtering, contextual adaptability, infrastructure feasibility, operational robustness.

An adaptive RAG-based question-answering system in the context of industry 5.0 [151] proposes an
adaptive retrieval-augmented generation architecture tailored to human-centric industrial environments.
The framework addresses limitations of conventional static RAG pipelines under dynamic manufacturing
contexts characterized by heterogeneous enterprise data, operational constraints, cost sensitivity, multilin-
gual requirements. The proposed architecture incorporates a routing mechanism that classifies incoming
queries to determine whether internal vector-store retrieval or external web-based search is required.
This adaptive selection mechanism enhances robustness in scenarios where enterprise knowledge bases
lack sufficient coverage. The system integrates FAISS-based dense retrieval, Mistral 7B language modeling,
LangGraph workflow orchestration, open-source embedding models, forming a cost-efficient infrastructure
suitable for Industry 5.0 deployment. A hybrid hallucination detection strategy is introduced to improve
factual consistency. Binary classification evaluates alignment between generated responses and retrieved evi-
dence. Multi-model LLM-based evaluation further assesses output reliability using a structured agreement
scale. Correlation analysis indicates strong consistency between automated evaluation outputs and human
assessment, suggesting improved trustworthiness under industrial QA conditions.

The study [152] emphasizes multilingual capability, resource efficiency, governance-aware deploy-
ment feasibility. The adaptive RAG design is positioned as an alternative to computationally expensive
fine-tuned models, offering scalability under enterprise constraints. The framework reframes RAG-based
question answering as an operational decision-support mechanism aligned with industry 5.0 principles
of human-centric intelligence, sustainability, resilience. This study introduces a retrieval-augmented gen-
eration (RAG)-enhanced generative Al chatbot designed to facilitate interactive decision-making within
industry 5.0 environments. Industry 5.0 emphasizes human-centric manufacturing, sustainability, resilience,
personalized production. Increasing industrial data complexity creates cognitive burdens for human oper-
ators, necessitating context-aware Al systems capable of integrating heterogeneous knowledge sources.
The proposed framework integrates policy documents, academic literature, industry reports, real-time web
data into a unified retrieval architecture. Semantic vector search is combined with external search APIs



Comput Mater Contin. 2026;88(1):3 25

to capture both static domain knowledge and dynamic updates. Retrieved content is re-ranked prior to
prompt construction for a large language model, enhancing contextual accuracy, interpretability, response
relevance. System implementation employs modular orchestration platforms, vector embedding models,
high-performance vector databases. Text preprocessing includes semantic chunking with controlled overlap
to preserve contextual continuity. Query vectors are matched via similarity search within the vector store.
Retrieved snippets are parsed, merged with user input, transformed into structured prompts guiding
controlled generation. Evaluation adopts a multi-dimensional assessment framework covering efficiency,
accuracy, relevance, user satisfaction.

Real-Time RAG [153] for the identification of supply chain vulnerabilities presents a retrieval-
augmented framework designed to minimize latency between real-world supply chain events and large
language model response capability. Conventional LLMs remain constrained by static pretraining cutoffs,
limiting responsiveness to emerging disruptions. The study formalizes a timeliness-quality optimization
objective that minimizes the temporal gap between event occurrence and model-generated analysis under a
defined performance threshold. The proposed architecture integrates automated web-scraping of regulatory
disclosures, particularly SEC EDGAR filings, with a modular RAG pipeline. A dynamic ingestion mechanism
continuously updates the vector store, enabling near-real-time incorporation of newly published documents.
The objective function models joint optimization of retrieval probability and generation probability while
maintaining output quality above a target metric threshold. Empirical evaluation employs ranking metrics
including nDCG, Hit Rate, Average Rank, MRR for retrieval quality, ROUGE, BLEU, Exact Match, Semantic
Similarity for generation quality. Trade-space analysis demonstrates that fine-tuning the retriever yields the
largest performance gains relative to latency cost. Adaptive iterative retrieval further enhances effectiveness
under complex queries. Generator fine-tuning produces marginal improvements relative to computational
overhead. The results underscore the central role of robust retrieval in real-time industrial intelligence
environments. RAG-oriented architectures are framed as scalable infrastructures capable of supporting
automated regulatory assessment across domains such as national security, economic resilience, and supply
chain governance. Within these deployment contexts, refinement of the retrieval stage functions as the
primary mechanism for reconciling rapid response requirements with analytical reliability.

6.2 Architectural Distinctions between RAG and GraphRAG

Conventional RAG architectures combine a parametric language model with dense vector retrieval
over unstructured document chunks, where relevance is determined through similarity in embedding
space [154,155]. Retrieved passages are treated as independent evidence units, leaving relational dependencies
implicitly encoded within representations rather than explicitly modeled. This flat retrieval paradigm
prioritizes scalability and efficient approximate nearest neighbor search, proving effective for open-domain
question answering and document-grounded generation [156].

GraphRAG architectures introduce an explicit structural layer, organizing entities, concepts, or
document segments into graph topologies prior to retrieval [157,158]. Retrieval shifts from similarity-
based ranking toward subgraph extraction or neighborhood expansion, enabling multi-hop aggregation
over relational paths. Structural reasoning becomes traceable through graph traversal, enhancing composi-
tional inference and contextual coherence. Increased modeling capacity, however, incurs additional graph
construction and traversal overhead.

Architectural divergence thus reflects a distinction between similarity-driven flat retrieval and
topology-aware relational retrieval. The former optimizes scalability within large unstructured corpora; the
latter strengthens reasoning depth in structured or knowledge-intensive settings.
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6.3 Consistency of Metrics

Although a broad spectrum of evaluation metrics is observed across the surveyed studies, the overall
metric ecosystem does not exhibit strong structural consistency. A clear concentration on relevance-
oriented ranking metrics—particularly NDCG, MAP, MRR, and HR—indicates that most RAG/LLM-based
systems are assessed primarily through the lens of top-K retrieval effectiveness. This dominance suggests
that evaluation practices remain heavily influenced by traditional information retrieval and recommender
system paradigms. However, the objectives of RAG-based systems extend beyond ranking accuracy. Such
systems inherently combine retrieval, reasoning, and generation components, yet generation fidelity and
faithfulness are comparatively underrepresented in the evaluation landscape. Text generation metrics appear
in only a small subset of studies, and robustness-or hallucination-oriented indicators are rarely standard-
ized. This reveals a partial misalignment between system architecture and evaluation focus. Moreover,
metric redundancy is noticeable. Under single ground-truth settings, HR@K and Recall@K often converge
numerically, while MRR@1 approximates Hit@l. Similarly, MAP and NDCG partially overlap in rewarding
early correct placements. Despite this functional similarity, multiple closely related metrics are frequently
reported simultaneously, which may inflate perceived evaluation diversity without substantially expanding
analytical perspective. An additional imbalance emerges in the limited adoption of diversity, fairness,
and efficiency metrics. While ranking accuracy dominates evaluation practice, system-level considerations
such as latency, computational cost, and deployment scalability remain marginal. Collectively, prevailing
evaluation practices exhibit a pronounced emphasis on relevance-oriented performance, with comparatively
weak integration across complementary assessment dimensions. This pattern indicates partial misalignment
between commonly reported metrics and the holistic objectives of end-to-end RAG systems. A more
unified evaluation paradigm calls for systematic cross-family normalization, transparent recognition of
metric redundancy, and proportionate inclusion of robustness, efficiency, fairness, and broader societal
considerations. Absent such structural coordination, cross-study comparisons risk remaining analytically
disjointed, even when methodological variation appears substantial.

6.4 Quantitative Synthesis of Reported Performance Gains

Although the surveyed literature frequently reports performance improvements over baselines, direct
cross-paper effect-size meta-analysis remains difficult due to heterogeneity in datasets, task formulations,
evaluation protocols, baseline choices, and reporting conventions. In particular, identical metric names often
correspond to different cutoffs, candidate-set construction, or ground-truth definitions, which limits strict
numerical comparability across studies.

Across retrieval and ranking-oriented evaluations, improvements most commonly appear in top-K
relevance metrics such as Recall@K, NDCG@K, HR@K, and MRR@K. Reported gains frequently fall into
low-to-moderate ranges in absolute terms, while relative improvements become larger in sparse, cold-
start, or long-tail subsets. Several studies report consistent uplift across both Recall and NDCG, indicating
that retrieval augmentation and re-ranking interventions tend to improve candidate coverage while also
improving early-rank quality. In contrast, generation-or reasoning-oriented tasks typically report gains in
EM, EX, or F1, often alongside reductions in hallucination-related error indicators when such measurements
are provided. Regression-and prediction-driven systems mainly report improvements in RMSE/MAE or
AUC-family metrics, with gains often presented as consistent but modest increases over strong supervise
d baselines.

A comparative pattern emerges at the strategy level. Retrieval-side interventions (e.g., improved
indexing, hard-negative training, better retriever training, candidate expansion) most reliably translate into
improvements in ranking metrics, especially under large-corpus settings. Generation-side interventions
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(e.g., alignment, reranking with LLM feedback, constrained decoding, multi-step prompting) more strongly
affect answer correctness or faithfulness indicators, though standardized reporting remains limited. Hybrid
strategies combining retrieval tuning with generation control frequently show the most stable improvements
across multiple metric families, suggesting that end-to-end gains depend on coordinated optimization across
pipeline stages rather than isolated component upgrades.

6.5 Cold-Start and Long-Tail

Cold-start and long-tail challenges constitute central research themes in recommender systems, yet
explicit and standardized evaluation under these conditions remains limited within retrieval-augmented
LLM-based recommendation frameworks. A small number of recent studies directly address item cold-start
or sparse-interaction settings within RAG architectures. For instance, RAGSys: Item-Cold-Start Recom-
mender as RAG System [159] formulates item cold-start recommendation as a retrieval-augmented problem,
emphasizing the role of high-quality retrieval demonstrations in mitigating sparse supervision. Similarly,
study [160] introduce a knowledge graph retrieval-augmented generation framework with explicitly con-
structed MovieLens cold-start splits, demonstrating that structured retrieval enhances recommendation
robustness under unseen-item scenarios. Reference [2] suggest CoORAL, a collaborative retrieval-augmented
LLM framework that explicitly targets long-tail recommendation by integrating user-item interaction
evidence into the prompting process. Despite these targeted efforts, systematic long-tail stratification remains
underdeveloped across the broader literature. While sparse or unseen conditions receive occasional exper-
imental attention, consistent head-tail disaggregation, popularity-stratified reporting, and exposure-aware
evaluation protocols are not widely adopted. Broader analyses of LLM-based recommender challenges [161]
recognize sparse interaction and tail distribution phenomena as structural bottlenecks, yet empirical
evaluation standards for RAG-based systems remain heterogeneous.

This imbalance suggests a methodological gap between architectural claims of improved generalization
and the empirical conditions under which performance is validated. Aggregate improvements in Recall@K,
NDCG@K, or HR@K do not necessarily indicate robustness in cold-start or long-tail regimes unless
accompanied by explicit distribution-aware reporting. Retrieval augmentation shows potential for mitigating
memorization gaps and enhancing unseen-item generalization; however, the absence of standardized cold-
start simulation and long-tail exposure metrics limits conclusive interpretation of such gains. A more
rigorous evaluation paradigm would require controlled unseen-entity splits, popularity-stratified analysis,
and explicit tail-exposure measurement to align empirical validation with the structural objectives of
retrieval-augmented recommender architectures.

6.6 User-Centric and Interactive Evaluation Limitations

A noticeable concentration on offline performance metrics characterizes the surveyed literature.
Ranking-oriented measures, prediction accuracy, and benchmark-based evaluation dominate empirical
validation practices. In contrast, user-centered assessment—including controlled user studies, explanation
quality evaluation, trust calibration analysis, and interactive feedback modeling—remains comparatively
limited. This imbalance suggests a structural gap between algorithmic benchmarking and real-world rec-
ommendation dynamics. Offline improvements in NDCG, Recall, or AUC do not necessarily translate into
enhanced perceived relevance, trustworthiness, or long-term engagement. Moreover, retrieval-augmented
systems introduce additional explainability and faithfulness challenges that are insufficiently captured by
conventional metrics.
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Future evaluation frameworks may require multi-dimensional integration, combining offline effective-
ness, user-perceived utility, explanation alignment, trust stability, and adaptive feedback loops to better
reflect real-world recommender system deployment.

6.7 System-Level Operational Considerations beyond Scope

Operational considerations such as inference overhead, retrieval latency, horizontal scalability, external
knowledge base maintenance, and energy consumption constitute essential components of real-world
recommender system deployment. These dimensions significantly affect industrial viability, operational
stability, and long-term sustainability of retrieval-augmented architectures. The analytical focus of this review
centers on architectural configurations, algorithmic mechanisms, dataset utilization, and evaluation prac-
tices reported in the academic literature. A comprehensive systems-engineering assessment encompassing
infrastructure expenditure, runtime optimization, or lifecycle maintenance strategies extends beyond the
intended scope of the present study.

Subsequent research may advance the field by incorporating unified system-level benchmarking
paradigms that evaluate not only predictive effectiveness but also computational efficiency and sustainability,
particularly within large-scale production environments.

6.8 Adoption Frequency vs. Practical Optimality

High frequency of adoption does not necessarily indicate architectural optimality. The prevalence
of LLM-centric strategies in recent literature reflects rapid technological diffusion and research attention
rather than universal efficiency or deployment suitability. LLM-augmented pipelines often incur increased
computational cost, latency overhead, and infrastructure complexity compared to lightweight retrieval or
embedding-based approaches. In large-scale production environments, such trade-oftfs may significantly
affect feasibility.

Therefore, adoption frequency should be interpreted as a signal of research emphasis rather than
definitive empirical validation. Balanced evaluation requires simultaneous consideration of effectiveness,
efficiency, and scalability constraints.

7 Future Research Directions

Our findings point to several concrete directions for advancing retrieval-augmented, LLM-based rec-
ommender systems. First, there is a need for more deliberate design of retrieval policies and retrieval-aware
architectures. While similarity and retrieval features are widely used, only a small subset of systems imple-
ment explicit retrieval optimization or policy learning, and these are concentrated in information-retrieval
settings rather than recommendation. Future work could extend retrieval optimization, reinforcement
learning, and other adaptive control mechanisms to mainstream recommendation tasks, with a focus on
long-tail and cold-start conditions where retrieval choices are most critical. This includes learning when to
retrieve, how many candidates to request, and how to balance log-based and external knowledge sources
for different user states. Second, the co-occurrence patterns between semantic features and representation
families suggest that representation learning remains heavily LLM-centric. Interaction and contextual
features are commonly assigned to LLM encoders or sequential models, while textual and similarity features
are spread across BERT-style and classic embeddings. Lightweight, graph-based, multimodal, and hybrid
representations are present but underutilized. Future research should more systematically explore feature-
representation co-design: for example, combining graph or tabular encodings with LLMs for cold-start
users and items, or pairing session-level features with multimodal representations in multimedia recom-
mendation. Controlled comparisons of alternative encoders for the same semantic feature types would help
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clarify when heavy LLM backbones are necessary and when simpler models suffice. Third, several domains
identified in our review remain underexplored, despite being highly relevant to practical deployment.
Cold-start recommendation, cross-and multi-modal recommendation, hallucination mitigation, privacy
and security, and time-series forecasting together account for only a small fraction of the corpus. Transferring
mature strategies from better-studied domains into these settings—for example, applying IR-style retrieval
optimization to cold-start recommendation, or graph-and structure-aware modeling to security-sensitive
scenarios—offers a promising avenue. At the same time, new benchmarks and datasets that better reflect
these challenging domains are needed to move beyond proof-of-concept evaluations.

Finally, methodological and evaluation practices require more attention. Many studies provide limited
information about user-item sparsity, long-tail distributions, and domain-specific biases, and few explicitly
evaluate performance on tail subsets, cold-start users/items, or out-of-domain scenarios. Standardized
reporting of dataset characteristics, along with evaluation protocols that include long-tail and cold-start test
splits by default, would make it easier to compare methods and assess robustness. In addition, cross-strategy
comparisons—e.g., LLM-centric vs. RAG-hybrid vs. RL-based pipelines under the same data conditions—are
largely missing from the current literature. Designing such comparative studies is essential for understanding
which combinations of semantic features, representations, and algorithmic strategies are most effective in
realistic, data-constrained environments. These directions point beyond simply plugging LLMs into existing
recommenders. They call for retrieval-augmented systems that are designed around the interplay between
semantic signals, representation choices, and algorithmic strategies, and that are evaluated under conditions
that reflect the sparsity, long-tail structure, and domain shifts encountered in practice.

8 Research Limitations

Despite adhering to a structured review protocol, this study has several important limitations. First,
the initial screening phase relies on title and abstract relevance, a necessary compromise given the volume
of retrieved records. This approach may omit studies whose contributions align with retrieval-augmented
recommendation but are not explicitly reflected in metadata, which poses a threat to recall. Second, to keep
the review feasible and focused on recent advances, we limit coverage to a predefined set of peer-reviewed
venues (seven major conferences and six major journals) and a three-year window (2023-2025). This scoping
decision improves topical focus but may omit relevant work published in other outlets or outside the chosen
time window, including foundational work that predates current LLM-centric pipelines. Third, the analysis
is constrained by inconsistent reporting practices across primary studies. Many works omit key dataset
descriptors (e.g., sparsity levels, long-tail ratios, popularity distributions) and provide limited details on
evaluation configurations, which reduces the reliability of cross-paper comparisons. Finally, the rapid pace
of LLM-related research makes any synthesis time-sensitive; therefore, our conclusions represent a snapshot
of an evolving field rather than an exhaustive account.

9 Conclusion

This systematic literature review examined how retrieval-augmented architectures and large language
models are being used to support recommendation, including both LLM-based and conventional recom-
mender systems. Using a three-axis framework that distinguishes domain characteristics, semantic feature
and representation choices, and algorithmic strategy families, we synthesized 138 recent studies from
leading conferences and journals and answered five research questions on domains, semantic techniques,
representations, and strategy distributions.

The review shows that current work is concentrated in general recommendation and information-
retrieval settings, while domains such as cold-start recommendation, multimodal and cross-modal tasks,
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robustness, and security remain comparatively underexplored. Similarity and retrieval signals, user-item
interaction semantics, and textual content form the core evidence sources, and LLM and BERT/Sentence-
Transformer encoders dominate the representation space, with graph-based, multimodal, and hybrid
representations used more selectively. At the strategy level, most systems still rely on generic LLM-centric
modelling, whereas retrieval optimisation, reinforcement learning, structure-aware modelling, and explicit
robustness mechanisms appear in smaller, domain-specific clusters.

These patterns indicate that the field is moving toward semantically grounded, retrieval-aware
recommendation, but that key parts of the design space are still underused. The taxonomy and co-
occurrence analyses provided in this survey can serve as a reference for future work on retrieval-augmented
recommender systems, and they point to concrete directions for progress, including better alignment
between semantic features and representations, broader deployment of specialised strategies in mainstream
recommendation domains, and more systematic evaluation under long-tail, cold-start, and domain-
shift conditions.
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Appendix A Information Sources and Search Strategy

For each venue, we covered all available issues/proceedings within 2023-2025; some sources had limited
availability for specific years, as shown in Table Al.
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Appendix A.1 Information Sources, Coverage Years and Last-Accessed Dates

Table Al: Information sources, coverage years and official access points. We conducted record collection and screening
between July and November 2025 and performed a final verification pass in December 2025 (last accessed dates shown).

Venue Official Access Point Used Year Last Accessed
EMNLP (ACL Anthology) https://aclanthology.org/venues/emnlp/ 2023-2024 [25 December 2025]
ACL (ACL Anthology) https://aclanthology.org/ 2023-2025 [21 December 2025]

https://dl.acm.org/doi/proceedings/10.1145/

3726302 2023-2025 [25 December 2025]

SIGIR (ACM DL/proceedings)

https://dl.acm.org/doi/proceedings/10.1145/

RecSys (ACM DL/proceedings) 3640457

2023-2024 [26 December 2025]

https://dl.acm.org/doi/proceedings/10.1145/

3701551 2023-2025 [28 December 2025]

WSDM (ACM DL/proceedings)

https://dl.acm.org/doi/proceedings/10.1145/

KDD (ACM DL/proceedings) 3637508

2023-2025 [28 December 2025]

NeurIPS (proceedings site) https://neurips.cc/ 2023-2024 [27 December 2025]

https://www.sciencedirect.com/journal/

ESWA (journal portal) . . 2023-2025 [28 December 2025]
expert-systems-with-applications

IPM (journal portal) ' https://\'vww.sc1?nc<'2dlrect.c0m/Journal/ 2023-2025 (25 December 2025]
information-processing-and-management

UMUALI (journal portal) https://link.springer.com/journal/11257 2023-2024 [28 December 2025]

ACM TORS (journal portal) https://dl.acm.org/journal/tors 2023-2025 [24 December 2025]

TKDE (IEEE Xplore) https://dl.acm.org/journal/ieeecs_tkde 2023-2025 [26 December 2025]

JAIR (journal portal) https://www.jair.org/index.php/jair/issue/ 2023-2025 [27 December 2025]

archive

Appendix A.2 Concrete Query Strings and Keyword Filters

We use a three-block concept formulation and implement it using the following concrete keyword sets.
Concept block 1 (LLM terms).

(“large language model” OR LLM OR “foundation model”)
Concept block 2 (recommendation terms).

(recommend* OR “recommender system” OR “recommendation system”
OR “conversational recommendation” OR “sequential recommendation” OR
ranking)
Concept block 3 (retrieval augmentation terms).

(“retrieval-augmented generation” OR RAG OR “retrieval augmented”
OR “gsemantic retrieval” OR retriev* OR “dense retrieval”)

Venue-portal adaptations.
o  If the portal supports only simple queries: we run each concept block separately and then intersect

results during screening (title/abstract stage).
o  Ifthe portal supports field filters: we apply queries to Title/ Abstract fields and limit years to 2023-2025.


https://aclanthology.org/venues/emnlp/
https://aclanthology.org/
https://dl.acm.org/doi/proceedings/10.1145/3726302
https://dl.acm.org/doi/proceedings/10.1145/3640457
https://dl.acm.org/doi/proceedings/10.1145/3701551
https://dl.acm.org/doi/proceedings/10.1145/3637528
https://neurips.cc/
https://www.sciencedirect.com/journal/expert-systems-with-applications
https://www.sciencedirect.com/journal/information-processing-and-management
https://link.springer.com/journal/11257
https://dl.acm.org/journal/tors
https://dl.acm.org/journal/ieeecs_tkde
https://www.jair.org/index.php/jair/issue/archive
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o  If the portal provides only venue-year listings (TOC/proceedings pages): we compile all records for
the venue-year range and apply the above keyword filters during title/abstract screening.

Appendix A.3 Record Counts by Source

Table A2: Record counts by source (identification and final inclusion).

Source Records Retrieved Records Included
EMNLP 4127 7
ACL 4994 5
SIGIR 1026 16
RecSys 105 16
WSDM 223 10
KDD 908 12
NeurIPS 4096 4
Journals (ESWA/IPM/UMUAI/TORS/TKDE/JAIR) 8076 68
Total 23,555 138

Appendix B Full-Text Exclusions with Reasons
Appendix B.1 Exclusion Reason Codes
We assign one primary reason code to each excluded full-text paper:

« El: Not LLM-based (no LLM/foundation model component)

o  E2: Not recommendation-related (outside recommendation scope)

« E3: Not retrieval augmentation (no semantic retrieval/no RAG/no external evidence retrieval)

«  E4:Not peer-reviewed research article/insufficient full text (e.g., editorial/tutorial/extended abstract)

« E5: No quantitative outcomes (insufficient quantitative evaluation for extraction)

o E6: Insufficient methodological detail for coding (cannot reliably label feature/
representation/strategy variables)

»  E7: Duplicate/overlap (duplicate record; merged into another entry)

Appendix C Data Extraction Template and Codebook
Appendix C.1 Extraction Form

Table A3: Data extraction template and coding schema used for this review.

Field Definition/Coding Rule
PaperID Unique study identifier used consistently across Tables 3-8 (e.g., [2-146]).

Publication year and venue within the review scope (2023-2025;
Year, Venue EMNLP/ACL/NeurIPS/KDD/SIGIR/RecSys/WSDM;
ESWA/IPM/UMUAI/TORS/TKDE/JAIR).

Recommendation task setting (e.g., sequential recommendation,
Task type conversational recommendation, candidate generation,
reranking/ranking).

(Continued)
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Table A3 (continued)

Field

Definition/Coding Rule

Retrieval component

Retrieved artifact(s) (items/documents/reviews/knowledge); retrieval
model type (BM25, dense/dual-encoder, hybrid, reranker); retrieval depth
(top-k if reported); index/evidence store type (if reported).

LLM component

LLM usage locus (ranking, generation, explanation, planning); adaptation
type (prompting/in-context learning/fine-tuning if reported); model
name/family if explicitly reported by the study.

Domain label(s)

One or more application domains (multi-label allowed): LLM
Recommendation, Recommendation system, Information retrieval, LLM
prompt, Question answering, Cold start, Cross modal, Multi-modal, LLM
hallucination, Privacy/security, Time-series forecasting models (TSFMs),
Cross-context backdoor attacks, Multi-hop reasoning, Other/unspecified.

Semantic feature type(s)

One or more semantic feature types (multi-label allowed):
Similarity/Retrieval, User-item interaction/User behavior, Textual content,
Context/Interaction, Entity/Identifier, Fact-response alignment, Behavioral

preference, Session behavior, Item metadata.

Primary representation
family

Exactly one primary representation family (dominant backbone): LLMs;
BERT/Sentence-transformer; Classic distributional embeddings; Multimodal
representations; Graph-based representations; Sequential user
representations; Hybrid content-collaborative; Tabular/attribute-based;
Structured reasoning representations. Secondary families (if any) are
recorded in Notes.

Strategy family
(multi-label)

One or more algorithmic strategy families: LLMs-based; Retrieval
optimization; Representation alignment ¢ matching; Graph &
structure-aware modeling; RAG-centric hybrid modeling; Reinforcement
learning & sequential reasoning; Robustness, debiasing & safety;
Multi-modal & cross-domain extension; Cold-start/Personalization.

Datasets and metrics

Dataset(s), evaluation protocol, and quantitative metrics (e.g.,
NDCG/Recall/HR@K; retrieval metrics; quantitative user-study results if
reported).

Evidence pointer

Location cues that justify coding (section/page/paragraph pointer; short
note describing the supporting evidence).

Appendix C.2 Codebook

Codebook entry (Semantic feature type: Similarity/Retrieval).

We assign Similarity/Retrieval when the method explicitly uses similarity signals (lexical or embedding-
based) or retrieval scores as a semantic feature for candidate selection, ranking, grounding, or evidence
selection (e.g., dense retrieval similarity, cosine/dot-product similarity, reranker relevance). If the method
only encodes text without an explicit retrieval/similarity mechanism, we assign Textual content instead.
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Decision rule (Primary representation family).

We assign the primary representation family as the dominant backbone used to encode the main

semantic signals in the model (e.g., LLM encoder vs. BERT/Sentence-transformer vs. graph encoder). If a
study uses multiple encoders, we record secondary encoders in notes but keep exactly one primary family
for Table 5 consistency.
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